Abstract
Introduction
The aim of this paper is to investigate some issues related to the measurement of productivity which are relevant in the field of cross-country comparisons of economic performances. In particular, we stress the point that measures of productivity and of its variations are not invariant with respect to the assumption of convexity of the production set. To provide evidence about this, we measure the variations of total factor productivity and their components (technological catch-up, technological change and variations in scale efficiency) in a sample of 52 countries from the Penn World Table (mark 5.6). We rely on these data because the estimation of cross-country production frontiers is an important field where the hypothesis of convexity has recently been questioned and because the main data-set for this sort of exercise -the Penn World Table - is easily available on various web-sites. We utilise two non-parametric frontier techniques, the FDH approach with variable scaling parameters (VP-FDH) proposed by Kerstens and Vanden Eeckaut (1999) , and the more traditional DEA-VRS technique (Banker et al., 1984) . We also provide some reasons to believe that the significant differences existing between these two sets of estimates can be ascribed to the evolution of nonconvexities over time. It turns out that the VP-FDH technique has significant advantages for the international comparisons of productivity and, more generally, wherever the convexity hypothesis for the production set is not likely to be appropriate.
In recent years, the literature on production frontiers has witnessed a growing interest in non-convex technologies (Petersen, 1990; Bogetoft, 1996) . Within the field of application which is here considered, a potential source of non-convexity stems from the lack of a unique technology shared by all the units in the production set. More specifically, it has been recently observed (Mundlak et al., 1999; Mundlak, 2000) that in cross-country comparisons of productivity one must rely on empirical aggregate production frontiers obtained from unobservable micro frontiers. In this case, when the available technology includes more than one technique, a modification of the environment faced by producers may lead to changes in technique (as well as to changes in the output-input mix for a given technique), and the hypothesis of convexity may not be respected for the observable aggregate production frontiers. From another perspective, the rise of endogenous growth has drawn attention to the possibility that increasing returns to scale may pervasively characterise the world production frontier (recent cross-country evidence in favour of the endogenous growth models can be found in McGrattan, 1998 . Evidence of a different type in favour of the pervasive existence of increasing returns to scale for a large sample of countries is presented in Destefanis, 2002) . Again, this would run against the assumption of convexity for the world production set. In these conditions, as is shown in the paper, relying on a convex technology can eventually lead to a severely biased estimate of the world production frontier and also of the growth in total factor productivity and its components (Färe et al., 1994 (Färe et al., , 1997 Ray and Desli, 1997; Balk, 2001) .
The structure of the paper is as follows. The VP-FDH approach is described in Section 2. The appropriateness of variableparameter FDH in the cross-country analysis of productivity variations is appraised first in Section 3 (where the data are also described in some detail) and then in Section 4. In that section we also present and discuss the empirical results relating to variations in total factor productivity and their components. Finally, some concluding remarks are offered in Section 5.
FDH with Variable Scaling Parameters
Consider a set of k observations of inputs x∈ℜ m + and outputs x∈ℜ n + ; a technology is characterised by the set of all feasible input-output vectors, T {(x, y): x can produce y}, usually defined as the production possibility set. The Free Disposal Hull (FDH) technology (Deprins et al., 1984; Tulkens, 1993) can be written as
where y and x are n × 1 and m × 1 vectors of outputs and inputs; N is the k × n matrix of observed outputs, M is the k × m matrix of observed inputs, z is a k × 1 vector of intensity or activity variables, and I k is a k × 1 unity vector. Note that, as the intensity variables sum to one, I' k z = 1, no particular assumption is made about the returns to scale shown by the technology. It is in this sense that the basic FDH approach allows for variable returns to scale. However, following Kerstens and Vanden Eeckaut (1999) , one can make more specific hypotheses about returns to scale within this approach. Consider first a scaling parameter denoted as δ. Imposing constant returns to scale (CRS) within FDH requires that the technology be written as
The activity vector w allows now for any rescaling of the observations spanning the frontier. In other words, the scaling parameter δ is free, and any producer is compared with proportional rescalings of all other producers (by way of illustration, in a one-input oneoutput space, the FDH-CRS frontier would coincide with a DEA-CRS frontier). Non-increasing returns to scale (NIRS) can be imposed by adding further restrictions to the above technology, that is:
where the scaling parameter is constrained to be equal or smaller than one, and each observation is compared to non-larger proportional replicas of all other observations. Taking for instance Figure  1 , producer O4 can be compared to smaller proportional replicas of O1, and producers O3 and O5 can be compared to smaller proportional replicas of O2. Similarly, non-decreasing returns to scale (NDRS) can be imposed by postulating the following technology:
the scaling parameter is constrained to be equal or larger than one, and each observation is compared to non-smaller proportional replicas of all other observations. In Figure 2 , producers O2 and O5 can be compared to larger proportional replicas of O3, and producer O4 can be compared to larger proportional replicas of O1.
As explained in Kerstens and Vanden Eeckaut (1999) The data themselves choose the assumption about returns to scale (as represented by δ) which yields the frontier surrounding them more closely. Hence, the variable-parameter FDH technology is given by the intersection of T FDH-NIRS and T FDH-NDRS (if both these technologies yield the same efficiency score, the observation is characterised by constant returns to scale). An example of this technology is given in Figure 3 .
While still relaxing the hypothesis of convexity, variableparameter FDH imposes more structure on the production set than traditional FDH, in the sense that each observation can be compared not only to other observations, but also to their smaller or larger proportional replicas. Producers O1 and O4, which would be efficient by default in traditional FDH, are now dominated, respectively, by a smaller proportional replica of O3 and by a larger proportional replica of O2. In the rest of this paper, we show that this property makes VP-FDH an interesting tool in the field of crosscountry comparisons of productivity variations. 3. An Empirical Assessment of Variable-Parameter FDH As was argued above, the variable-parameter FDH technology defined in Kerstens and Vanden Eeckaut (1999) can increase the scope for comparability among producers and yet maintain a very low number of assumptions about the production technology. Hence, VP-FDH looks like a promising research tool in circumstances where the hypothesis of convexity has little a priori appeal. To assess the scope of these considerations, we apply variableparameter FDH within the field of cross-country productivity comparisons, and compare its performance to that of traditional FDH and of DEA-VRS (Banker et al., 1984) . As already explained, we take cross-country productivity comparisons for our application because it is an important field where the hypothesis of convexity has recently been questioned, and because the main data-set for this sort of exercise is easily available.
1 Also, comments about the results can appeal here to a widely shared body of common knowledge.
We rely on data from the Penn World Table ( mark 5.6), and take series for 52 countries over the 1965-92 period. The output variable is a measure of GDP at 1985 international prices, whereas the input variables are the capital stock (net of residential construction) at 1985 international prices and the number of workers in employment.
2 The procedures adopted in constructing the data bank are described in detail in Summers and Heston (1991) and in a file annexed to the Table, mark 5.6. The data bank contains series on 147 countries throughout the 1950-92 period. However, data on the stock of capital are not available before 1965, and they do not exist for all countries. Among those countries for which data on the stock of capital starting from 1965 exist, a further selection has been made according to the following criteria.
First of all, to reduce the impact of measurement errors, we have excluded the countries for which the quality of the data has obtained the minimum score according to the scale of judgement elaborated for the Penn World Table 5 .0 (Summers and Heston, 1991) . The only exception to this criterion has been made for Taiwan, because it has been possible to utilise for it in the Penn World Table 5 .6 the (purchasing power parity) national accounting estimates elaborated by Yotopoulos and Lin (1993) . Moreover, following Mankiw et al. (1992) , all countries with a population of less than one million inhabitants, as well as Iran, Venezuela and Yugoslavia, have been also excluded, in order to reduce the influ-ence of strong country-specific factors on the analysis. In the end, the sample used in the empirical analysis includes the 52 countries listed in Table 1 . There are 22 developed (OECD) economies, and 30 developing economies (13 from non-OECD America, 9 from non-OECD Asia, and 8 from Africa). To take out the cyclical component and the noise from the data, we average them over periods not shorter than five years, roughly corresponding to the international business cycle: 1965-73, 1974-79, 1980-86, 1987-92. All the frontier techniques we apply, and hence all efficiency scores we obtain, are output-oriented. We do not claim any hard theoretical ground for this choice. Note however that if we take an input orientation, in a two-input space the commonly adopted Debreu-Farrell measure of efficiency may not measure technical efficiency (in the sense of Koopmans, 1951) exhaustively.
3 On the other hand, as our production set includes only one output, no discrepancies between the Debreu-Farrell and the Koopmans concepts can arise if the analysis is output-oriented, allowing us to abstract here from these measurement problems.
Consider now the following definitions: adopting a widely used terminology, we define as the peer group of a given observation the linear combination of observations constituting the frontier point to which the observation is compared. Then, a relation of dominance is the subset of observations including a given observation and its peer group (or its peers). In the remainder, we will say that a mixed relation of dominance occurs if OECD and non-OECD countries appear within the same relation of dominance. We adopt the OECD-non OECD divide, because it roughly splits our data-set in two and because it captures widely acknowledged differences in the economic structure of the countries here considered.
See for instance Lovell (1993) . In principle the strong points of DEA (as well as of FDH) are the absence of hypotheses about functional form and the comparison of observations with similar peers. However, the pervasive existence and the heterogeneous composition of these mixed relations of dominance cast doubts on the appropriateness of the convexity assumption within our field. A production set spanned by the convex combinations of countries so different in size and input mix as USA and Paraguay, or UK and Morocco, is very probably characterised by important non-convexities. In Section 4, we provide further evidence about the hypothesis of convexity, finding for it very little support. More profoundly, the economic sense of these convex combinations is very much open to question, leaving strong doubts about the credibility of the efficiency scores they entail. An additional point is that the importance of non-convexities can change over time. From Table 2 it appears that the number of mixed relations of dominance decreases over time for OECD countries (13, 8, 9 and 4), while no equally clear trend is noticeable for Non-OECD countries (12, 10, 19, 15) . This evolution is consistent with a weakening of non-convexities in the region of the production set relevant for the more advanced OECD countries (also on this, further evidence is provided in Section 4).
As shown by Destefanis and Storti (2002) , dropping the assumption of convexity, and relying on traditional FDH leaves little ground for relations of dominance that mix OECD and non-OECD economies, but also drastically reduces comparability. For the four periods, one finds respectively 6, 1, 1 and 3 instances of mixed relations of dominance, but also 23, 27, 22 and 27 efficient-bydefault observations, dramatically reducing the informational content of the data. Adopting variable-parameter FDH looks like an interesting compromise. It does not impose too high a price in terms of a priori inappropriate comparisons (there are only 5 mixed relations of dominance in each period), and greatly increases the scope for comparability (producing only 8, 8, 8 and 12 efficient-bydefault observations). What is more, none of the mixed relations of dominance, either with FDH or with VP-FDH, involves such diverse countries as USA, UK, Paraguay, India and Morocco. This obviously enhances the economic sense and the credibility of the efficiency scores calculated through these methods. In the following section, we show that the differences in the efficiency scores calculated through DEA-VRS and VP-FDH are numerically sizeable. Also, they vary through time, significantly affecting the measurement of productivity change.
Measuring Technological Change, Technological Catch-up and Scale Efficiency through VP-FDH
We focus in this section on the different results obtained through DEA-VRS and VP-FDH when estimating the variations of total factor productivity. This comparison allows a deeper assessment of the impact of the convexity hypothesis. We measure technical efficiency for the countries in the sample and concentrate on the first and fourth sub-periods (1965-73 and 1987-92) . This allows us to calculate Malmquist indices of productivity across these two sub-periods, yielding estimates for variations in total factor productivity and their components: technical change, variations in pure technical efficiency, variations in scale efficiency.
It is known that when the production technology presents nonconstant returns to scale, there is no consensus in the literature on how scale effects should be allowed for. Here we follow the approach suggested in Balk (2001) . The variations of total factor productivity are measured against a constant-returns to scale benchmark, which is the only way to obtain a productivity index respecting some basic index properties Then, technical change is evaluated as the shift of the true production frontier (eventually showing non-constant returns to scale), while the variation of technical efficiency is decomposed in the variation of pure technical efficiency (with respect to the true frontier) and the variation of scale efficiency. The latter is measured keeping technology constant, that is evaluating variations in the scale efficiency obtained for different input values on the same production frontier (see on this Balk, 2001 ). Formally, in order to simplify our analysis, let us assume a single-output production process. 4 
is the (relative) variation in scale efficiency. Note that in practical applications the following alternative measure of the relative variation in scale efficiency (Färe et al., 1994 ) is often encountered:
In order to provide evidence about the convexity assumption, we carry out some Banker-type tests comparing the distribution of the efficiency scores obtained through DEA-VRS (under the convexity assumption), with those obtained through VP-FDH (which does not rely on convexity). If the production set is characterised by non-convexities, the DEA-VRS frontier is more distant from the data than the VP-FDH frontier, yielding lower efficiency scores. In order to test whether the differences in the efficiency scores are significant we can utilise a Smirnov test following the suggestion made in Banker (1996) . If one is ready to assume that the efficiency scores follow either an exponential or a half-normal distribution, the significance of the differences in the efficiency scores can also be tested through two other tests presented in Banker (1996) . The results from all the tests performed are given in Table  3 while Figure 4 provides a graphical comparison of the empirical distribution functions of the efficiency scores obtained by the DEA-VRS and VP-FDH technologies respectively during periods I (top) and IV (bottom). The null hypothesis of no differences between the efficiency scores obtained under DEA-VRS and VP-FDH is always resoundingly rejected by the data. Correspondingly, our production set appears to be characterised by significant non-convexities.
The above evidence concerns the calculation of technical efficiency in given periods. If the distance between the DEA-VRS and the VP-FDH frontier does not change over time there is no reason why the existence of non-convexities should have any impact on the measurement of technical efficiency and hence on the variations of total factor productivity and its tripartite decomposition in (1). However, recall from Section 3 that the number of the mixed relations of dominance changes over time, particularly for OECD. In these circumstances, it is reasonable to expect some effects to be associated to a change through time of the non-convexities characterising the production frontier. To assess these effects, we consider in Table 4 the (percentage) differences between the efficiency scores obtained under DEA-VRS and VP-FDH, testing (through both Anova and Kruskal-Wallis procedures) whether these differences are constant across time and country groups.
We find some evidence of change across sub-periods for Non-OECD countries (recall that we use sub-period averages instead of single years to take out cyclical component and noise from the data), but across the whole period under consideration these changes cancel out.
5 On the other hand, there is evidence of a difference in behaviour arising between OECD and Non-OECD countries. While in 1965-73 the difference between the efficiency scores obtained under DEA-VRS and VP-FDH appears to be the same across country groups, in the following periods it is noticeably lower for OECD countries. It seems that for these countries non-convexities steadily reduce over time, bringing the DEA-VRS frontier closer to the bulk of the data and lessening the distance between DEA-VRS and VP-FDH efficiency scores. ¡ Non-OECD countries have been aggregated together in order to simplify Table  4 . No additional insight comes from considering smaller groups; results are available upon request. Hence, we expect changes in technical efficiency to be overestimated by DEA-VRS with respect to VP-FDH and, accordingly, variations in scale efficiency to be underestimated. It is well known (see for instance Cherchye et al., 2000) that the problem of obtaining unbiased estimates of scale efficiency is tightly related to the detection of non-convexities in the reference production set. If the frontier of the production set is estimated by means of convex techniques, such as DEA-VRS, a heavy constraint is placed on the returns to scale pattern followed by the observed DMUs since increasing marginal productivities are not allowed for.
In order to evaluate empirically the impact of non-convexities on the estimates obtained for technological change as well as for variations in technical and scale efficiency, an analysis of variance has been performed. For this exercise, following common usage, we adopt a regression format in which the dependent variable is given by the estimates obtained for each of the factors in the decomposition (4) obtained by means of both DEA-VRS and VP-FDH technologies. More precisely, by X A we denote the estimate of variable X obtained under technology A while by ∆ X =X DEA-VRS -X VP-FDH we denote the difference between the estimates of X obtained under the two technologies, respectively.
The variable used to discriminate between the different Anova groups is here the stock of capital per worker observed in the first period . Using the quartiles of the empirical distribution of this variable as thresholds, four different groups (Q1, Q2, Q3, Q4), characterised by increasing levels of initial capital per worker, have been created. The main reason for replacing the OECD-non OECD divide used above with this criterion, also followed in Kumar and Russell (1999) , is that the latter allows a finer quantitative appraisal of cross-country differences in economic structures. The results are reported in Table 5 , where the effects relative to Q4, that is the country group with the highest capital-labor ratios, have been subsumed in the intercept to avoid perfect multicollinearity. This leads us to interpret the effects associated to the remaining groups (Q1, Q2 and Q3) as differential effects with respect to the reference group Q4.
The differences between the estimates obtained by means of DEA-VRS and VP-FDH are particularly evident if we focus on the estimates of variations of technical efficiency (DTE). Relative to FDH-VP, the DEA-VRS measure overestimates the value of technological catch-up for the reference group Q4, and implies a lower catch-up rate for Q1 (and, to a lower extent, for Q2). On the other hand, adopting DEA-VRS rather than VP-FDH does not lead to significant differences in the estimates of the rate of technical change. If we move to the estimation of variations in scale efficiency, measured in terms of the DSC measure in (4), again no striking differences between the two methods can be observed. On the other hand, as shown in Table 6 , it is interesting to note how DEA-VRS and VP-FDH entail significantly different measures of changes in scale efficiency if we adopt the alternative measure (DSE) illustrated in equation (5). For DEA-VRS, the results are the opposite of those obtained for DTE, pointing out a decrease in the variation for the Q1 group and an increase in the scale efficiency catch-up for the Q4 group. Neither of these is confirmed by the VP-FDH measures. Our intuition is that the discrepancy between the measures of the variation in scale efficiency obtained in terms of DSE and DSC is due to the fact that the latter does not imply any direct comparison between different technologies (belonging to different time periods) and hence is less influenced by the unequal evolution of non-convexities over time. In this sense DSC can be considered more robust to violations of the convexity hypothesis than DSE, the alternative measure.
Finally, if we consider the Malmquist index from (4), we observe a pattern similar to that shown by DTE. The DEA-VRS measure overestimates the variation of total factor productivity for the reference group Q4, and implies a lower catch-up rate for the productivity of the Q1 group. Since there is evidence of the presence of outliers among our data, we have performed an analysis of variance also through the robust MM procedure (Yohai, 1987) . The MM estimates have a breakdown point equal to 0.5 and, under the assumption of normally distributed errors, are highly efficient 6 . Also, under standard regularity conditions, they are strongly consistent and asymptotically normal. The results, reported in Tables 7 and 8 , are very similar to those obtained by OLS regression and, in general, confirm the above findings.
Concluding Remarks
In this paper we have provided estimates of variations in total factor productivity and its components for a sample of 52 countries taken from the Penn World Table (mark 5.6), utilising both the variable-parameter FDH approach recently suggested in Kerstens and Vanden Eeckaut (1999) , and the well known DEA-VRS technique. The results of our analysis show that these estimates can be heavily conditioned by the assumption of convexity of the production set.
Estimates of technological catch-up, variations in scale efficiency produced and variations in total factor productivity obtained through VP-FDH and DEA-VRS are significantly different. As we find very little support for the hypothesis of convexity of the production set, VP-FDH has in our opinion significant advantages for the assessment of cross-country productivity changes. The advantages of VP-FDH are likely to hold in a wide array of situations, far beyond the application here considered, because the hypothesis of convexity might have less a priori appeal than what is traditionally believed (Petersen, 1990; Bogetoft, 1996; Mundlak et al., 1999; Mundlak, 2000) ,. Hence, at a preliminary stage, some care should be taken in identifying the reference technology.
